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Introduction
The use of energy from conventional sources involves negative externalities at the local and global scale. Accordingly, decreasing fossil energy use due to increasing energy eciency oers economic and societal benets through the reduction of costs, environmental damage, and import dependencies. That is why energy eciency has a high priority on energy and climate policy agendas in many countries.
Germany aims at almost doubling its annual improvements in economy-wide energy productivity 1 to 2.1 percent. However, the German economy is currently not on the trajectory to reach this ambitious energy eciency target. Ocial statistics show that energy productivity only increased by about 1.3 percent per year during the period from 2008 to 2015 (BMWi, 2016; Löschel et al., 2016) . Consequently, drivers of and barriers to energy eciency improvements have to be identied and there is a strong need for ecient policy instruments to foster energy eciency.
The manufacturing sector is a large energy user and an important cornerstone of the German economy. In 2014, it accounted for 30 percent of nal energy use and 22 percent of gross value added (BMWi, 2015) . In order to achieve the superordinate targets, it will be essential to also increase energy eciency in manufacturing and thus necessary to adopt energy saving technologies. The objective of this study is to shed light onto the drivers and barriers that inuence investments in energy saving technologies by German manufacturing rms and to provide insights for the design of energy eciency policies. More specically, we analyze the relationship between nancial barriers, lack of information and knowledge, salience of energy-related topics, and the investments in energy saving technologies.
The economic literature points to the fact that energy saving technologies, which promise considerable reductions of nancial costs and environmental damage associated with energy use, may not be adopted by rms to the degree that might be justied, even on a purely nancial basis (Gerarden et al. 2017) . In Germany a portfolio of policy instruments has been implemented in order to incentivize the adoption of energy saving technologies. However, the eectiveness of these measures falls short of expectations, thus the policy targets will most likely not be met (Löschel et al., 2016) . This shortcoming can be explained by the so called energy eciency gap. This gap arises as market failures or behavioral obstacles hinder rms from achieving their individually protable levels of investments in energy eciency (Gerarden et al., 2017; DeCanio, 1993) . In a recent study, Hochman and Timilsina (2017) quantify economic, behavioral, and institutional barriers to investments in energy-ecient technologies using Ukrainian data of commercial and industrial rms. They nd that a lack of information, knowledge, and awareness are major barriers. Furthermore, nancial barriers are especially relevant for small rms. A broader overview of empirical studies addressing the role of barriers to the adoption of energy eciency measures at the rm level can be found in Fleiter et al. (2012) .
The empirical literature has demonstrated that rms from the manufacturing sector are subject to the energy eciency gap. De Groot et al. (2001) , DeCanio (1998) , and DeCanio and Watkins (1998) investigate how economic and organizational rm characteristics are related to investments in energy saving technologies. Martin et al. (2012) as well as Boyd and Curtis (2014) show that management practices aect the energy efciency of rms depending on the applied management scheme. In particular, Martin et al. (2012) show that energy targets set internally by rms decrease their energy intensity.
They conclude that (...) management practices and organizational structure of a rm are crucial for its ability to use energy more eciently. We contribute to this strand of literature by examining how investments in energy saving technologies are related to rm characteristics, and information and knowledge, especially energy management practices.
In addition, we investigate the role of credit constraints for these investments. Schleich and Gruber (2008) identify restricted access to capital markets as an important barrier to investing in energy eciency. Also, Allcott and Greenstone (2012) state that credit constraints are frequently discussed as an obstacle to investments in energy saving technologies. However, due to the lack of empirical evidence this discussion has remained mostly theoretical (cf. Gillingham et al., 2009; Gillingham and Palmer, 2014) . Rohdin et al. (2007) show that a lack of budget funding and access to capital are among the top three self-reported barriers to the implementation of energy eciency measures. We extend this strand of literature regarding nancial barriers by examining the link between rm-specic credit worthiness based on credit rating agency data and investments in energy saving technologies.
We conduct a correlation analysis to investigate the decision to invest in energy saving technologies at the rm level by employing dierent linear and nonlinear regression models. Our empirical analysis exploits two main data sources. First, we use data from structured telephone interviews that we conducted with managers of 701 randomly selected German manufacturing rms. This unique survey data contains information on the investments in energy saving technologies with respect to rm's production processes or buildings. Furthermore, it includes information on energy management practices and internal investment-related decision making processes. Second, we merge this data with commercial microdata including general rm characteristics from ocial sources as well as rm-level credit ratings from Germany's largest credit rating agency.
Utilizing this detailed data set, we can analyze two dierent investment categories of energy saving technologies separately and jointly, i. e. for production processes and for buildings. The investment frameworks for both categories dier from each other, for example, due to technological aspects or the policy framework. Thus, we would suggest that the drivers and barriers regarding each investment category are dierent. However, we can identify this heterogeneity utilizing the aforementioned data set. Furthermore, we contribute to the literature by using external credit rating data instead of self-reported information to determine the role of nancial barriers. Thus, we can identify whether nancial barriers are important for the investment decision applying objective data pro-vided by Germany's largest credit rating agency.
Additionally, we add a more up to date analysis of the energy eciency gap to the literature analyzing German rms, e. g. compared to Schleich and Gruber (2008) , and can therefore provide insights from the current policy framework for policy makers. It relies on representative survey data amongst German manufacturing rms. The discrete investment decision is analyzed using a probit model. Additionally, the analysis includes the combined estimation of the investment decision and the investment volume, applying two-part and Heckman selection models.
We nd that credit constraints are barriers to investments in energy saving technologies which increase the energy eciency of rms' production processes and that energy management practices increase the probability of investing in the energy eciency of their production processes. Furthermore, investments in the energy eciency of buildings are also positively inuenced by implemented energy management practices. The higher the energy cost shares of heating or cooling and the energy intensity of rms, the higher is the propensity to invest in energy eciency. In addition, energy self-generation by rms as well as structured internal decision making processes inuence the investments in energy eciency positively.
The remainder of the paper is organized as follows: In section 2, we give an overview over German energy eciency policies. In Section 3, we develop a theoretical model and derive specic research hypotheses. In Section 4, we describe the analyzed data sets.
Afterwards, we briey explain our empirical strategy in Section 5. We discuss the results of our empirical analyses in Section 6. Section 7 provides our concluding remarks.
Energy eciency policies in Germany
The reduction of greenhouse gas emissions and the phase out of nuclear power are the overarching policy goals of the current energy and climate policy agenda of Germany.
Energy eciency and the increase in renewable energy in all sectors of the economy are core objectives to achieve these goals (BMWi, 2016; Löschel et al., 2016) . Since the year 2010 the German energy policy agenda has been subsumed under the framework of the Energy Transition (Energiewende) after the German federal government published an energy concept. This concept includes a long-term strategy and targets, which are mostly to be reached by 2050, as well as policy measures for various energy and climate policy areas. However, even before the year 2010 energy eciency policies were in force. The main goals for energy eciency and energy consumption are summarized in Table 1 .
To reach the energy eciency targets and operationalize their implications various policy measures have been implemented. These target dierent sectors and stakeholders, like energy utilities, transport, buildings, industries, households, or consist of multisectoral policies. We focus on policy measures targeting the production processes and buildings in the manufacturing sector or specic multi-sector policies. 2 2 A comprehensive overview of energy eciency polices in Germany can be found in the Policies and In addition to these general incentives to use energy more eciently due to increasing prices and price-based policy instruments, there is a distinction between two main elds of action in energy eciency policies targeting manufacturing rms: the energy eciency of production processes and buildings (BMWi, 2017a) . Thus, these areas are tackled by dierentiated policy instruments. Both areas are characterized by dierent technological and organizational requirements, which are reected in the respective policy measures.
Technologies applied in the production processes are linked directly to the key processes of productive rms, which are often characterized by industry-or even rm-specic heterogeneities. Technologies used for energy eciency improvements of buildings are more often cross-cutting technologies. These technologies cannot only be utilized in a specic industry or rm, but in manifold areas of application and sectors.
Regarding the production processes of rms there are mostly information and education as well as nancial support policies in place. Furthermore, there are standards for industrial products and production processes to increase their energy eciency. A list of relevant policies can be found in Table 14 in Appendix A.
The energy eciency of rms' buildings are predominantly regulated by standards and subsidy schemes, like publicly subsidized loan programs. The most important poli-Measures Databases provided by the International Energy Agency (IEA) (IEA, 2017) .
cies for buildings are the Energy Saving Act (EnEG) and Energy Saving Ordinance (EnEV), which were introduced in 2002 and include not only regulations for residential buildings but also non-residential buildings. These incorporate minimum requirements for the energy eciency of buildings, mostly for new buildings. Furthermore there are large nancial incentive programs in place, which provide subsidized loans. An overview of policy measures regarding the energy eciency of rms' buildings can be found in Table 15 in Appendix A.
Overall, there are two options to reduce greenhouse gas emissions from buildings' energy use, which can be implemented either in combination or individually. These measures include the reduction of energy use by increasing energy eciency and using renewable energy sources to produce the thermal energy needed without using fossil fuels.
The policy framework targets both of theses measures at the same time. As stated by the We extend a basic NPV model, cf. Brealey et al. (2011) , in order to discuss potential drivers of and barriers to investments in energy saving technologies. The net present value N P V is the dierence between the investment's value and its cost. It is determined by
where t denotes the year, T the project lifetime and r the rm's discount rate.
The energy use of the rm is dened by E 0 before and by E after the adoption of the newly installed technologies. The energy saving is valued at the rm's expected energy price p E t . The future cash ows have to be weighted against dierent costs. First of all the upfront investment costs I 0 are relevant for the investment decision. Furthermore, we include borrowing costs in our model given by C B t (·).
It is possible that the rm does not fully anticipate the energy savings from the investment in energy saving technologies due to a lack of information or knowledge ; this is represented by θ ∈ (0, 1). The better the rm is informed about energy use and available energy saving technologies, the larger is θ (cf. Hochman and Timilsina, 2017). As stated by Allcott and Greenstone (2012) imperfect information could be the most important form of investment ineciency causing the energy eciency gap. More comprehensive information can be obtained, for example, by using dierent energy management practices, such as energy management systems (EMS) or the regular assessment of the energy eciency potential. After employing these practices, rms should be more likely to invest as they have more and better information about the rm's energy use and available energy saving technologies. Another relevant factor is the usage of internal decision making processes for the evaluation of investment projects regarding energy saving technologies. For these investment appraisal calculations, detailed information about the proposed investment projects are necessary and thus gathered and evaluated (Sandberg und Söderström, 2003) . This information could include dierent investment options, energy use and savings, and other technical or energy-related specications.
Other aspects are salience and awareness of energy-related topics. The more salient or important the topic`energy' is for rms, the higher is their appreciation of investments in energy saving technologies. These rms should thus be more aware about energy-related indicators and information. This relationship is represented by µ ∈ (0, 1), whereby the larger µ, the larger the importance of energy in general to the rm. This is most importantly proxied by overall energy costs or a rm's energy intensity. Schleich and Gruber (2008) , for example, state that rms from energy intensive industries tend to be more aware of the potential cost savings from investments in energy eciency.
Economic incentives are likely to be higher for those with a higher energy cost share.
Thus, rms with a higher energy intensity 3 should be more inclined to invest in energy saving technologies because energy is a more important cost factor and energy savings are more relevant to the rms. Additionally, dierent cost shares could play a role in the investment decision; as we dierentiate between investments in production processes and buildings, we take the share of heating and cooling in total energy costs into account. Thus, the higher the energy cost share for heating and cooling, the higher could be the incentive to invest in the energy eciency of buildings and the lower to invest in the energy eciency of production processes. The investment in the energy eciency of buildings could also be inuenced by their ownership status and the associated problem of split-incentives. The salience of energy-related topics might also be triggered by rms' energy self-generation. Firms which self-generate energy have to take additional energyrelated factors into account, like the optimal utilization of the energy generation unit or selling excess energy.
When osetting the cash ows, the rm's borrowing costs as well as nancial barriers and incentives have to be considered. These are given by C B t (·) in Equation 1 and are a function of the size of the investment I 0 , the equity share A, nancial barriers φ, here creditworthiness, and received subsidies. The investment is nanced either by equity or borrowed capital. Mostly rms need to borrow I 0 − A, because A < I 0 . The equity share and the borrowing costs depend on dierent factors, such as rm characteristics or external conditions. Czarnitzki and Kraft (2007) show that credit ratings, which represent the creditworthiness of a rm, have additional information value for lenders and therefore serve as an indicator of rms' ability to raise external funds for their investments. Firms with lower credit ratings should face more dicult conditions when using their equity or borrowing money. Thus, on the one hand, the opportunity cost of the investment increases and worsens the NPV of the investment. On the other hand, the borrowing costs could be reduced by policy measures, e. g. publicly nanced subsidy schemes, fostering the adoption of energy saving technologies and thus helping to reach the overall energy eciency targets, independently of the other borrowing conditions. The barrier is lower for rms that receive publicly subsidized loans for their investment on energy saving technologies and consequently reduces the borrowing costs. The cash ows from energy cost savings and the borrowing costs are discounted over the project lifetime. Notes: A positive (+) (negative ()) sign indicates that if a factor is positive or increases, the NPV calculation gets more positive (negative) and thus the probability of investing is higher (lower).
We summarize the inuencing factors analyzed in our paper and their potential inuence on the investment decisions in Table 2 . We will test these hypotheses empirically in what follows and hence analyze the investment decisions on energy saving technologies of German manufacturing rms.
Data
To investigate our research question empirically, we use the results of structured telephone interviews combined with commercial and condential rm-level data. The survey sample and further rm data were selected from the Mannheim Enterprise Panel, a microdata base of companies in Germany. The average interview lasted 20 minutes. Our data basis is the aforementioned MUP and contains general information of each rm. We drew a random sample of 5,668 rms from the MUP and contacted the rms by telephone in order to identify adequate contact persons. By request, interviewees were sent a letter with information about the survey, which also assured condentiality, before the interview.
We successfully contacted 4,816 companies, of which 2,468 declined to participate. 69 started the interview, but did not nish it. In 1,578 cases interviewers were asked to call back at another time or made an appointment with the contact person. However, interviews were only carried out until the target number of 700 interviews was reached.
Counting only interviews granted and declined explicitly, we obtain a response rate of 22 percent.
For an overview of the information solicited see Table 3 . The 701 interviewed rms represent a wide variety of activities, sizes, ages, international activities, and dierent types of ownership. Descriptive statistics on general rm characteristics and economic activities are shown in Tables 4 and 5. In order to rule out selection bias, we analyze observable rm characteristics for respondents and non-respondents. The issue of selection bias might arise if interviewed rms dier systematically from rms that declined to be interviewed. We examine this issue in Appendix B and nd no evidence that our sample is non-random.
Variables and descriptive statistics
Investments in energy saving technologies (EST) We asked rms to report (i) whether they had invested in energy saving technologies in the past, (ii) if they had invested in 2012 or 2013, and (iii) which amount they spent in case they had invested in 2012 or 2013. We separately gathered this information for investments in energy saving technologies related to rms' production processes or buildings. The adoption of energy saving technologies in the production processes includes investments in motor systems and drives, thermal systems, combustion or electrical systems, or industrial design features of the production processes or operations. The adoption of technologies to increase the energy eciency of the maintained buildings includes investments in heating or cooling systems, insulation, or lighting. We explicitly emphasized that investments in energy saving technologies do not include replacement investments. Only specic investments to improve the energy eciency should be considered. In Table 7 , we present the descriptive statistics of the investments in energy saving technologies and the additional variables used.
Credit rating To measure the credit constraints of a rm, we use a rm-specic credit rating index provided by the rating agency Creditreform e.V. The Creditreform
Solvency Index has been used as a measure for credit constraints in dierent empirical studies such as Hottenrott and Peters (2012). The index takes values between 100 and 600, calculated by rm-specic information, whereby 100 denotes the best rating. The calculation of the Creditreform Solvency Index involves a wide range of information relevant to a rm's solvency and performance. It can be used to forecast the probability of default and consequently a rm's credit worthiness. Attributes used to calculate the Creditreform Solvency Index include: credit verdict, mode of payment, nancial report data, industry risk, regional risk, company development, and order-book situation. In total, there are 15 attributes used to calculate the index. The Creditreform Solvency
Index is partly comparable to the Standards & Poors credit rating. In Table 6 , we present the credit ratings of the rms for the year 2011. Energy management practices To measure the energy management practices implemented by a rm, we asked the rms about three dierent energy management practices which rms could have implemented: 1. Regular assessment of the potential to improve energy eciency, 2. Implementation of an energy or environmental management system, 5 and 3. Use of specic energy consumption or energy eciency targets. This makes it possible to examine the importance of the type of energy management practice.
Furthermore, we analyze the number of energy management practices implemented by every rm. We use this information as a proxy for the intensity with which rms use energy management practices.
Decision making processes Another relevant aspect of investment decisions is the use of investment appraisal in the internal decision making process.
6 We asked the rms whether they use investment appraisal in general for their investment decisions and whether they use investment appraisal specically to assess investments in energy saving technologies. Furthermore, we asked the rms if they use more restrictive criteria to assess investment projects related to energy saving technologies.
5 Energy or environmental management systems are management tools to monitor and improve energyor environment-related processes. There are dierent certication standards which are applicable for these management schemes: Energy management systems -DIN EN ISO 500001, DIN EN ISO 16001; Environmental management systems -DIN EN ISO 14001; EMAS I/II (Eco-Management and Audit Scheme). 6 Investment appraisal is the planning process to determine whether investments are worth funding. There are dierent methods used, for example accounting rate of return, payback period, net present value, internal rate of return or real options valuation.
Energy costs and intensity An investment in energy saving technologies may
include an additional xed cost, but could lead to reductions of a rm's variable energy costs and also of its energy intensity (Bustos, 2011) . We analyze the relationship of the investments to the rm's energy intensity and dene energy intensity, similar to Martin et al. (2012) , as the energy cost share of turnover, also to prevent the rm size (i. e. turnover) from driving our results. We asked the rms in our survey about their energy costs and turnover in the years 2011 and 2013. In addition, we asked for the share of heating or cooling related energy costs. The composition of the energy costs could drive investments in dierent technologies. Energy self-generation Self-generation of energy could be related to investments in energy saving technologies as discussed in our theoretical considerations above. To understand the behavior regarding energy self-generation of rms better, we asked whether the rms generate electricity or thermal energy on their own. We distinguish between the generation of energy with fossil fuels and renewable energy sources (RES). Additionally, the implementation of energy self-generation plants could also be an indication of the rms' knowledge and awareness of their energy use behavior.
It should be noted that all continuous variables in the data set are right-skewed.
Thus, we use the natural logarithm of these variables in our analyses. Furthermore, we lag the explanatory variables by two years, if possible, to avoid potential simultaneity bias.
Empirical approach
Our goal is to better understand rms' decisions to invest in energy saving technologies.
Building on the intuition developed from our theoretical decision model above, we use econometric modeling techniques in order to empirically examine the determinants of the investments for German manufacturing rms.
Our rst econometric approach assumes a rm's investment decision to be a binary decision problem. The dependent variable takes the value 1 if the rm invested in energy saving technologies and 0 otherwise. Using probit and logit models, we investigate the inuence of determinants, such as the rm's characteristics, on the probability of investing in energy saving technologies at all. 7 Our second econometric approach takes the censored character of the investment volume into account. In particular, we estimate two-part and selection models to understand the relationship between the decision whether to invest and how much to invest. These approaches allow us to draw conclusions on the eects of dierent determinants on the investment volume.
An appropriate procedure to deal with a binary dependent variable is to estimate a discrete choice probit or logit model. (Wooldridge, 2002) . We observe whether the rm invested in energy saving technologies or not and assume that there is an unobserved or latent variable, y * i , that establishes the following linear relation between the relevant variables:
where x i is the vector of the explanatory variables, β the associated vector of the coecients, and u i a normal (logisitc) distributed error term with zero mean.
The observed variable y i relates to the unobserved latent variable y * i as follows:
The latent variable is the index of an unobserved propensity for the investment to occur.
By combining Equation 2 and 3, the probability of rm i investing is given by
In our specication this translates into the following linear relationship for the latent variable equation:
7 The results of both models are very similar, theoretically as well as for our specications (cf. Cameron and Trivedi, 2005) . 8 As a simple alternative Cameron and Trivedi (2005) suggest to employ an OLS regression of y on x. The so called Linear Probability Model (LPM) can provide a reasonable direct estimate of the sample average marginal eect on the probability that y = 1 as x changes, but it provides a poor model for individual probabilities and is not suitable for the purpose of prediction. Nonetheless, we apply the LPM to draw a comparison with the more appropriate probit and logit models. These results can be found in the Appendix. where X i is a vector including dierent rm characteristics. Vector G i subsumes all variables regarding the information and knowledge barrier; this includes for our analysis energy management practices and decision making processes. M i is a vector including the variables representing the salience and awareness variables, which subsumes energy intensity, the energy cost share of heating or cooling, energy self-generation, and in the case of investments in buildings their ownership. The nancial barriers and incentives are represented by the vector F i . We include the rms' credit rating and whether they received publicly subsidized loans as proxies in our analysis. An overview can be found in Table 2 .
For the probit model we assume the standard normal cumulative distribution function Φ(·) of u i and we can rewrite Equation 4 as follows (cf. Wooldridge, 2002) :
The variable measuring the investment volume is left censored, since rms either choose not to invest or invest a positive amount of money. The application of the OLS model does not account for the censoring and may therefore lead to inconsistent results.
Consequently, we analyze the decision to invest and the amount invested in energy saving technologies using two-part and Heckman selection models.
9
In the rst part of the two-part model, the binary outcome equation is estimated using a binary outcome model like the aforementioned probit or logit model. In the second part a linear regression model is used for estimating only the positive values. The two-part model for y i is given by:
d denotes a binary indicator of positive investment such that d = 1 if y > 0 and d = 0 if y = 0 . We only observe P r(d = 0) if y = 0.
The two-part model obtains some of its exibility by assuming that the two parts are independent. But those rms with positive investments are not randomly selected from the population. Therefore, we use the selection model to allow for possible dependencies in the two parts of the model (cf. Cameron and Trivedi, 2005 
Another possibility to take the left censored investment variable into account is by employing a tobit model for our analysis. The tobit model has strong assumptions. That is that the same probability mechanism generates both the zeros and the positive values, and additionally that the errors are normally distributed and homoscedastic (cf. Cameron and Trivedi, 2005) . For our data the assumptions are not met, therefore we do not use the tobit model for our main analysis, but present the results in the Appendix together with the results of the OLS regressions. Despite the described shortcomings, we also estimate the OLS regression as a simple robustness check. and a resulting outcome equation for y 2 , where
Here y 2 is only observed when y * 1 > 0. The classic model is linear with additive errors,
with 1 and 2 possibly correlated. The dierence between the two-part and Heckman selection model is the inclusion of the inverse mills ratio in the second stage of the Heckman selection model. By including this, we assume that both parts are not independent from each other.
We apply the described regression models separately for the rms' production processes and the rm's buildings in order to investigate the investment decision on energy saving technologies related to both of these categories.
Results
We shed light on rm characteristics as well as drivers and barriers that inuence the investments in energy saving technologies. First, we describe the results for the investments in rms' production processes. Second, we show and discuss the results for the investments in rms' buildings. Finally, we check the robustness of our results.
We report our main estimation results in Tables 8 and 10 for the investments in energy saving technologies in the production processes and buildings respectively. In the tables, we show the results of the dierent specications as described in Section 5.
Investments in energy saving technologies of production processes
In the year 2013, 30 percent of the rms in our sample invested in technologies to increase the energy eciency of their production processes with a mean investment volume of 492,020 EUR.
Applying a probit model, we can identify determinants inuencing the investment decision (cf. Table 8 ). We nd that the credit rating of rms inuences their decision to invest in energy saving technologies. The inuence of rms' credit rating in 2011 is negatively correlated with the probability of investing in the year 2013 at the 10 percent signicance level. The lower the credit rating, the higher is the propensity to invest. Keeping in mind that lower Creditreform Solvency Index scores represent better credit worthiness, this is in line with our theoretical considerations about the inuence of credit constraints on the NPV of investments in energy saving technologies as well as the theoretical and empirical, self-reported, evidence from the economic literature (cf. Rohdin et al., 2007, Schleich and Gruber, 2008; Allcott and Greenstone, 2012; or Gillingham and Palmer, 2014) . To identify how the probability of investing depends on the credit rating of the rms, we calculate the predicted probabilities as a function of the credit ratings, while holding all other variables of our sample at their means. The results in Figure 1 show that the probability of investing declines substantially from 0.4 for a higher rated rm to less than 0.2 for a rm with`above average risk' (Creditreform Rating IV, cf. 
Predicted Probabilities
Furthermore, we nd a positive relationship between energy management practices and the propensity to invest in energy eciency. Especially, the implementation of energy consumption targets has a strong positive eect on the investment probability (cf .   Table 8 ). Also, the implementation intensity of energy management practices plays a role for the decision making (cf . Table 9 ). Thus, the more energy management practices are implemented by the rms, the higher is the inuence on the probability of investing in the energy eciency of the production processes. Both the average marginal eect, thus the probability, and the signicance level increase when two and three energy management practices are implemented compared to the reference category, in which no energy management practices are implemented. Again, this is in line with our theoretical considerations about energy management practices: the more information and knowledge related to energy practices and processes are present in rms, the higher is the probability of investing in measures to increase the energy eciency of the production processes.
This adds to the results of Martin et al. (2012) and Boyd and Curtis (2014) that management practices do have an eect on the energy eciency of rms. We can show that energy management practices are positively associated with the propensity to invest in energy saving technologies in order to increase the energy eciency of the production processes.
Contrary to theoretical considerations about the behavior of energy intensive rms (cf. Schleich and Gruber, 2008) , we do not nd a statistically signicant relationship between energy intensity and the investment decision of increasing the energy eciency of the production processes. However, energy intensity aects the size of the investments. Apart from that, the share of heating or cooling in energy costs is correlated with the decision to invest in the energy eciency of the production processes. The higher the cost share of heating or cooling was in 2011, the lower is the probability of investing in measures increasing the energy eciency of rms' productions processes in 2013. Thus, rms concentrate more on investments in the energy eciency of their production processes if they are relatively more relevant in terms of cost shares.
Self-generation of energy regardless of whether generated with fossil fuels or renewable energy sources is positively related with the investment decision. The average marginal eect of the self-generation with fossil fuels, however, is larger than the average marginal eect regarding RES. Thus, whether or not rms already generate energy plays a role in the decision making process regarding energy eciency investments in the production processes; and if they self-generate energy with fossil fuels the probability of investing is larger than if they use renewable energy sources. The fact that rms produce energy indicates that they are aware of their energy use and consider measures to inuence it.
The signicance of the energy management practices shown above also hints at the fact that information and knowledge about their energy use are relevant for rms.
Additionally, we nd that rms' exporting status is positively correlated with the investment decision. Firms exporting in 2011 have a higher probability of investing in energy saving technologies in 2013. The literature suggests that exporting could increase energy eciency through dierent channels like innovation or better management practices (Roy and Yasar, 2015) . Furthermore, there is empirical literature suggesting that exporting rms have a higher productivity than non-exporting rms (e. g. Wagner, 2012) . This is consistent with our nding that exporting rms invest in more energy ecient capital goods to create an overall more ecient capital stock. Other rm characteristics, like age or location, have no statistically signicant inuence on the investment decision.
This applies also to decision making processes, more precisely the investment appraisal of energy eciency investments.
Overall, the fully specied models, including control variables, we employ in the probit estimations have a relatively good t as the Pseudo R 2 's take the values 0.23 for the regression with the dierent energy management practices (cf. Table 8 ) and 0.22 for the regression analyzing the energy management intensity (cf. Table 9 ). Also the percentage of outcomes correctly predicted by the models are in a range giving the models good explanatory power for our research question. The values for the goodness of t indicators for the other model specications as well as the comprehensive results can be found in Table 17 in Appendix C. To test the robustness of our results with regard to the investment decision, we also apply other estimation approaches. These estimation results are presented in Appendix C. We can show that the results are robust to dierent specications of the models and the dierent modeling strategies. The robustness checks with a logit or LPM model show similar results as the probit model, except for the Creditreform Solvency Index, which is not statistically signicant in some of the specications.
To explain also the investment volume, if rms invested in energy saving technologies for their production processes, we employ the above explained two-part and selection models.
10 The results are presented in the last two columns of Tables 8 and 9 . The drivers relevant for the investment volume are energy intensity and labor intensity. Both indicators are measured in 2011 and have an inuence on the investment volume in 2013.
One interpretation could be that rms try to decrease their energy intensity or energy use by investing in energy ecient capital and thus substitute energy with capital. The same rationale seems to hold for labor which could also be substituted with energy ecient capital goods. Furthermore, the awareness of energy-related concerns should be higher in rms which have a higher energy intensity and thus high shares of energy costs compared to turnover.
Energy consumption targets also inuence the investment volume, but this result is not robust for the selection model. If we assume that the decision to invest and the investment volume are not independent, there is no correlation between energy management practices and the investment in energy eciency. We get the same result for the specication regarding the energy management intensity. However, we showed above that there is a strong relationship to the investment decision as such. For both models, but only in the specication of the energy management intensity (cf . Table 9 ), the location in Eastern Germany is negatively correlated with the investment volume.
Investments in energy saving technologies of buildings
About 25 percent of the rms in our sample invest in energy saving technologies to improve the energy eciency of their buildings, with a mean investment volume of 233,750 EUR in 2013. The estimation results for the investment decision in energy saving technologies of buildings lead to the conclusion that energy management practices have an inuence on the investment decision, cf. Tables 10 and 11. The energy eciency investments in buildings are statistically signicantly correlated with the assessment of the energy eciency potential as well as the implementation of energy or environmental management systems, but not with the presence of energy consumption targets. The results regarding the energy management intensity are similar to the results above. If more than one energy management practice is implemented, the propensity to invest in the energy eciency of buildings is larger. But there is no dierence in the average marginal eects or signicance levels regarding two or three implemented energy management practices.
The credit rating of 2011 is not statistically signicantly correlated with the propensity to invest in the year 2013. Thus, we do not nd rms' credit constraints to have a signicant inuence on the investments in the buildings they maintain, i. e. to be an investment barrier. On the other hand, we nd that the use of investment appraisal to evaluate investments in the energy eciency of their buildings has a positive statistically 10 There is no evidence for a potential selection bias in the analysis applying the Heckman selection model, as there is no statistically signicant coecient estimated for the inverse mills ratio. Energy costs also inuence the decision to invest in the energy eciency of buildings.
Particularly, the share of heating or cooling in the energy costs in 2011 is positively correlated with the propensity to invest in 2013. The higher the share in energy costs is, the higher is the probability of investing in energy eciency measures. The result is in line with the inuence of the energy cost share on the decision to invest in the energy eciency of the production processes. This suggests that rms concentrate their investments in those areas that contribute more to their overall energy costs.
As pointed out in Section 2, increasing the energy eciency of buildings and simultaneously the use of renewable energy sources is a possibility to reduce greenhouse gas emissions. Our results regarding the investments in the energy eciency of rms' buildings hint at the fact that rms implementing one of the two measures are more likely to implement the other measure as well. Thus, the self-generation of energy with renewable energy sources is statistically signicantly correlated with the decision to invest in the energy eciency of buildings.
The relevant drivers of the volume invested in the energy saving technologies of buildings are analyzed with the help of two-part and Heckman selection models. Drivers with a statistically signicant relationship are the energy cost share of heating or cooling and the self-generation with RES. Counterintuitively, the energy cost share is negatively correlated with the investment volume. However, the result is not robust as no signicant eect is found in the Heckman selection model. The positive eect associated with selfgeneration with RES is also not robust for the specication in the Heckman selection model.
When investments in the energy eciency of buildings are discussed, one of the most widely named sources of the energy eciency gap is the principal-agent conict. It can arise due to dierent incentives for owners and renters, in this case, of buildings (Gerarden et al., 2017; Gillingham and Palmer, 2014) . This issue has mostly been analyzed for residential buildings, e. g. Gillingham et al. (2012) . We investigate this issue for rms, i. e. whether the ownership of buildings is related with rms' investment behavior.
We do not nd evidence for the importance of split incentives for investments in energy saving technologies in rms' buildings (cf. 11 These fully specied models have a much better 11 One could argue that some of our independent variables are highly correlated to the ownership of the buildings like energy self-generation. This could lead to the problem of multicollinearity. In Table 25 in Appendix E, we show the Pearson correlation coecients between the ownership of buildings and selected variables. We do not nd strong correlations between these factors; the maximal correlation value is below 0.14. In conclusion, a distortion by multicollinearity seems not relevant for our analysis. 
Robustness of the results: Bivariate probit regression
The previous results explaining the investment decision on energy saving technologies by rms are based on the assumption that the investment decisions for production processes and buildings are independent. However, these decisions could respond to common factors and the internal decision process for investments in a rm should include the consideration of all investment decision types together. To incorporate these insights in our analysis, we provide results from the estimation with a bivariate probit regression model to analyze possible correlations of the latent variables (Cameron and Trivedi, 2005) . To implement this, we use the same specications as in the probit model estimations above, but allow the errors to be correlated across equations. We present the results in Table 13 . The results including the number of energy management practices implemented (intensity) can be found in Appendix F.
The results of the estimations show that we can reject the null hypothesis of no correlation. That is, using the bivariate probit model is appropriate. The comparison with the results of the single variate probit models, however, shows no signicant dierences in the results. Thus, the coecients are in general comparable in their size and sign. In addition, the signicance levels are also comparable to the ones in the separate estimations. 
Concluding remarks
We investigate the determinants of rms' decisions to invest in energy saving technologies to increase the energy eciency of their production processes as well as the buildings they maintain. Furthermore, we analyze the determinants of the volume of these investments of German manufacturing rms. To this goal, we employ dierent estimation models either analyzing the decision and volume independently or simultaneously. We focus especially on the relationships regarding credit constraints and energy management practices. The increase in energy eciency is one of the main goals of current energy and climates policies. Therefore, it is crucial to identify important drivers of investments in the energy eciency of rms to assist decision makers in implementing eective management tools. Moreover, it is essential to aid policy makers in providing ecient policy instruments.
Our results suggest that there is a positive relationship between credit ratings and the investment decision in energy saving technologies to increase the energy eciency of rms' production processes. The better the rm's credit rating, the higher is the probability of investing in energy saving technologies. Thus, credit constraints seem to be a barrier to these investments. There are already subsidized loan programs in place to support rms' investments in energy eciency and lower nancial barriers; however, these could be adjusted according to the insights we have presented. If policy makers want to increase the number of rms investing in energy eciency and achieving the overarching energy eciency targets, it could be, for example, feasible to adjust the requirements for loans and thus provide better incentives to rms to invest in energy eciency.
For the inuence of energy management practices on investments in the energy eciency of production processes, we can summarize our ndings as follows: Energy management practices play a signicant role both for the investment decision and in the simultaneous analyses of investment decision and volume. The most important management practice is the implementation of energy consumption targets by rms, but as our analysis of the intensity of the implemented energy management practices shows this should not be the only energy management practice. If there are two or more practices implemented the probability of investing in energy eciency is higher than with only one or no energy management practice installed. On the other hand, energy management practices do not or only weakly explain the volume invested by these rms. Thus, to increase the number of rms which invest in energy saving technologies, programs promoting energy management practices seem to be a feasible instrument, but note that our study is not an evaluation of a specic program.
Further drivers are the energy intensity and cost shares of heating or cooling of the rms. Thus, if energy costs are a more important cost component, the probabilities of investing and the volume tend to be higher, too. Firms generating their own energy are also more likely to invest in energy saving technologies.
The investments in energy saving technologies increasing the energy eciency of buildings do not depend on the rms' credit ratings. Thus, the drivers dier from those of the production processes. Nonetheless, the positive correlation with the presence of energy management practices also holds for the investments in the energy eciency of the maintained buildings. For buildings, the important management practices are the assessment of the energy eciency potential and energy management systems. Here, the intensity of implemented energy management practices also is an important driver. Again two and more practices increase signicantly the probability to invest compared to one or none implemented management practice. Policies should therefore focus on a mixture of measures to implement dierent energy management practices, to increase awareness about energy eciency and the information and knowledge of energy use related topics.
Structured internal decision making processes as a management tool also play a signicant role for investment decisions regarding the energy eciency of buildings. On the other hand, the principal-agent problem often considered a barrier to energy eciency enhancements of buildings does not play a signicant role in the investment behavior of the rms in our analysis. Furthermore, the cost share of heating plays a signicant role;
thus to decrease energy costs rms invest in energy eciency. Self-generation with renewable energy sources is connected to an increase in energy eciency, which also reects the combination of these two topics in policy measures regarding the energy eciency of buildings.
Comparing the heterogeneous results for the dierent investment categories (production processes and buildings), we can conclude that analyses of investments in energy saving technologies should take this heterogeneity into account. This insight should also inuence the discussion about and implementation of tailored policy instruments for the dierent investment categories. Future research could include a more detailed ex-post evaluation of the causal eects of policy instruments regarding energy eciency improvements, a deeper analysis of rm performance indicators, or other relevant drivers.
Furthermore, administrative data regarding energy eciency investments and therefore a bigger sample size could be an interesting extension to our insights in future research.
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B Sample Selection
Although we contacted rms randomly, selection bias can arise as an issue, if there are systematic dierences between responding and non-responding rms. We are able to show whether there is selection in terms of the variables we observe for non-respondents and respondents. Therefore, we regress the following rm characteristics available from the MUP data set (i. e. turnover, employees, and credit rating) on a dummy variable indicating whether a rm was contacted and on sector dummies. The estimated coecients reported in Table 16 are small and statistically insignicant. Also the graphical comparison with the help of kernel density plots, presented in Figure 2 , shows no signicant dierences for the aforementioned rm characteristics. To conclude, we can assume randomness for our sample selection procedure. Comparison credit rating C Robustness check: Investments in energy saving technologies of production processes 
Consistent estimates using a tobit model require homoscedasticity and normality of the residuals. Our models fail both tests, which are suggested by Cameron and Trivedi (2005) . Thus, heteroscedasticity is present. We could control for this. But the bigger problem is the nding from the Lagrange multiplier test that also normality of the residuals must be strongly rejected. In this sense, the tobit model should actually not be applied. Therefore, we also report the results of the OLS estimation. Note that the simple and linear OLS model provides fairly similar results compared to the tobit model.
Moreover, the OLS model allows to handle heteroscedasticity much more easily than the non-linear model.
The tobit models, which we estimate with the same specications as the probit models, give insights not only regarding the investment decision but also the amount the rms invested if they invested. As shown in Table 19 , the results are fairly similar to the results for the probit model. By comparison of the joint log likelihood of the two-part models (-402.47 and -407.74) , selection models (-402.32 and -407.63) , and the log likelihood of the tobit models (-605.01 and -609.16), the two-part and selection models t our data better than the tobit model. 
D.1 Robustness check: Tobit model
The estimations with the tobit model, to take also the investment volume into account,
show results similar to our estimations with probit models. These are presented in Table 23 . But the same results for the Lagrange multiplier test as for the tobit models for the production processes hold for the estimations regarding the maintained buildings.
The consistent estimates using a tobit model would require homoscedasticity and normality of the residuals. The specication fails both tests. Thus, heteroscedasticity is present and normality of the residuals must be strongly rejected. We therefore also implement and report the OLS estimation results in Table 24 . The OLS model also provides fairly similar results compared to the tobit and probit model. We extend our analysis with the use of two-part and selection models. The model t is better than the one of the tobit models, if we compare the log likelihood values of the estimations (Tobit: -580.57 and -580.11; Two-part: -395.55 and -394.87; Heckman: -395.48 and -394.78). Notes: * p<0.10, ** p<0.05, *** p<0.01. Robust standard errors in parentheses. The model includes sector dummies based on the NACE two-digit industry level.
